Abstract. Soft tissue sarcomas are rare and aggressive tumors arising from connective tissues. Adjuvant radiotherapy is a commonly used treatment approach for the majority of sarcomas. We attempted to identify a gene signature that can predict radiosensitive patients who are most likely to have a better treatment response from radiotherapy, compared with disease progression. Using the publicly available data of soft tissue sarcoma from The Cancer Genome Atlas, we developed a cross-validation procedure to identify a predictive gene signature for radiosensitivity. The results showed that the predicted radiosensitive patients who received radiotherapy had significantly improved treatment response. We further provide supportive evidence to validate our sensitivity prediction. Results showed that the predicted radiosensitive patients who received radiotherapy had significantly improved survival than patients who did not. ROC analysis showed that the developed gene signature had a powerful prediction on treatment response. We further found that predicted radiosensitive patients who received radiotherapy had a significantly reduced rate of new tumor events. Finally, we validated our gene signature using a hierarchical cluster analysis, and found that the predicted sensitivities were wellmatched with results from the cluster analysis. These results are consistent with our expectation, suggesting that the identified gene signature and radiosensitivity prediction are effective. The genes involved in the signature may provide a molecular basis for prognostic studies and radiotherapy target discovery.
Introduction
Soft tissue sarcomas are rare and aggressive malignancies that arise in any of the mesodermal tissues of the extremities, trunk and retroperitoneum, or head and neck. It includes approximately 50 histological types and account for approximately 1% of all adult cancers. The reported incidence rates range from 1.8 to 5 per 100,000 per year (1) . Estimated new cases and deaths from soft tissue sarcoma in the USA in 2016 are 12,310 and 4,990, respectively (2) . Sarcoma presenting at an advanced stage has a dismal prognosis. The patients survival has slightly improved over the last 20 years. A recent report from the National Cancer Institute shows that the 5-year relative survival rate for soft tissue sarcoma is approximately 65% (3) . Optimal systemic therapy options for sarcoma remain limited.
Adjuvant radiotherapy, as one of the major modalities of cancer therapy, playing an important role in integrated multimodality treatment of sarcoma. Radiotherapy technology for soft tissue sarcoma has significantly advanced over the past 50 years (4) . However, due to the complex heterogeneity of sarcoma, the treatment response of radiotherapy is different in patients. A retrospective study shows that preoperative radiotherapy might be not suitable for all patients with primary soft tissue sarcoma of the limbs (5) . Late and chronic toxicities of radiotherapy, such as severe induration, loss of subcutaneous tissue, subcutaneous fibrosis, hair loss, fractures, difficulty in thinking and headaches are often concerns (4, (6) (7) (8) . The clinical benefit of radiotherapy on soft tissue sarcomas has not been observed significantly (9) (10) (11) . We argue that if we can identify a molecular signature predictive of radiotherapeutic sensitivity and response, we might be able to improve local control, sideeffects and overall survival in patients with soft tissue sarcoma.
Over the last 15 years, personalized medicine has evolved whereby clinical decisions are adjusted according to a patient's molecular profile. Genomic technologies such as microarrays provide powerful tools for identifying a genetic signature for Predicting radiotherapy response for patients with soft tissue sarcoma by developing a molecular signature patients who are most likely to benefit from radiotherapy. Many gene signatures with specificity in terms of prognosis or prediction of response have been developed and validated in the past decades for radiotherapy indication. The gene signature has been used to predict sensitive patients in many cancer types including glioblastoma, cervical, breast, colorectal, head and neck cancer (12) (13) (14) (15) (16) (17) (18) , but very few in sarcoma.
In the present study, RNAseq data for soft tissue sarcoma from The Cancer Genome Atlas (TCGA, http://cancergenome. nih.gov/) was used to develop radiosensitive gene signature for predicting radiosensitive patients, defined as patients with relatively better response (e.g., complete response, partial response, or stable disease) after treatment, compared with disease progression. Since sarcoma is a rare disease, it is difficult, if not impossible, to find another independent dataset and enough RNAseq data to do independent-sample validation. In addition, due to the limitation of the small sample size in TCGA dataset, it is not ideal to do split-sample validation. To overcome these difficulties, we performed a cross-validated adaptive signature design that combined the gene signature development and the validation test in a single dataset, as introduced by Freidlin and Simon (19) and Freidlin et al (20) . Following this novel framework, we improved this procedure and model to develop a radiosensitive gene signature for predicting radiosensitive patients in the rare sarcoma data.
Material and methods

Study samples. All data including clinical information and
RNAseq expression were downloaded from TCGA (update at March 2016). Firstly, we combined the clinical information, including treatment outcome, radiotherapy, chemotherapy, new tumor event, survival time, and other clinical information available for 261 patients downloaded from TCGA. Secondly, we filtered the records with missing treatment response and radiotherapy information, which reduced our sample to 219 patients. Expression data included 259 patients for 20,502 genes with clear gene names after removing duplicate patients from raw data with 265 samples. We calculated the variance of expression for each gene, and kept the genes with variance of >20% quantile. We filtered the genes with a maximum expression value of 10 as they showed almost no expression. Furthermore, genes with proportion of zero expression >50% were also removed. Thirdly, we merged standardized expression data with clinical information, then obtained 218 patients with 15,702 genes expression profiles for final analysis. Finally, missing values in clinical data were filled by multiple imputation using the R package mice. The cleaned clinical data are summarized in Table I .
Methods
Gene signature development. In the present study, the radiosensitive patients are defined as a group of patients who have relatively better treatment response if they receive radiotherapy, including complete response, partial response and stable disease, compared with disease progression. To predict radiosensitive patients by molecular signature, we used the following modeling assumptions: there is a subset of S predictive (sensitive) genes that significantly interact with radiotherapy. The treatment response of radiotherapy is influenced by these predictive genes through the following logistic model:
where μ is the intercept; λ is the effect of radiotherapy that all patients experience regardless of their gene expression levels; t is an indicator for radiotherapy with 1 indicating radiotherapy and 0 otherwise; b 1 to b S are the main effects for these sensitive genes; x 1 to x S denote the expression level of these sensitive genes; i 1 to i S are radiotherapy-gene interaction effects that reflect the degree to which the effect of radiotherapy on treatment response is influenced by the expression levels of sensitive genes.
If the effects of radiotherapy-gene interaction are negative, patients who overexpress the sensitive genes will have a positive response after radiotherapy compared with no radiotherapy. We assume that a subgroup of patients overexpresses some (but not necessarily all) of the sensitivity genes. Then, if the total odds ratio (OR) is less than a preset threshold value (such as <1), this suggests that radiotherapy would help reduce the risk of disease progression for these patients, and thus, these patients are called radiosensitive patients. The above logistic model is different from our previous method (21) , where a Cox model was used for predicting survival.
Cross-validation procedure. The procedure, a novel crossvalidated adaptive signature design, was developed to identify sensitive patients in one clinical trial (19) (20) (21) . Following their framework, we improved this approach to develop a radiosensitive gene signature for the current sarcoma data, described by the following two-step procedure.
Step 1. Training step. Split the data into K (K=10 used in the present study) parts with the same sample size randomly. Then, (K-1) parts are used to fit model as training data. The radiosensitive patients are predicted the in the k-th part (validation data). In the training data, for each gene j, fit a logistic model: log(p/(1 -p)) = µ + tλ + x j b j + rx j i j . Then, the P-values for i j were used to rank the genes. The top significant g genes were used to build a gene signature, by calculating an index, called nominal OR (nOR) using the following equation:
for patients in the validation data (k-th part). Here, λ could be the value averaged over the estimates from g single gene model. Patient in the validation set who has nOR lower than a specified threshold R (R<1) will be predicted as radiosensitive patient.
Step 2. Validation step. Cycling the above procedures from k=1 to 10 in turn. Each patient only appears once in one of the validation data. After the cross-validation, each patient is predicted as either radiosensitive or not. For radiosensitive patients, univariate logistic analysis is then performed to test the association between radiotherapy and treatment outcome. A significant result with a small OR (<1) will indicate that radiotherapy is beneficial for predicted radiosensitive patients, then the g genes signature and the sensitivity prediction is considered effective and reasonable.
In the above procedure, there are two key tuning parameters: g and R in the Training step. The optimal values of the tuning parameters g and R are usually not known in advance. One can use a nested inner loop of K-fold cross-validation approach on the training data to select the optimal tuning parameter value without affecting statistical validity of the procedure. A similar procedure and a work flow plot can be found in (21) , which adopt a cox model. A more general description about the procedure is also available (19, 20) . In the present study, the 10-fold cross-validation is recommended and used, because it permits the maximization of the portion of study patients contributing to the development of the diagnostic signature and the minimization of prediction error (22) . Table I summarizes the results of clinical information. There were 74 patients with progressive disease. There are 129, 5 and 15 patients with complete response, partial response and stable disease, respectively, thus, considered as positive responders. Univariate and multivariate analyses indicate that radiotherapy is not a significant benefit therapeutic treatment on the current dataset. We further performed a 10-fold cross-validation, showing that the clinical factors had a poor prediction on treatment response, with AUC=0.6. Development of radiosensitive gene signature. Following the proposed procedure, we analyzed the current dataset to obtain the tuning parameters by 10-fold cross-validation. The 10 loops produced 10 combinations of tuning parameters, of which the gene signature might be different with each loop. Theoretically, the reselection of the significant genes for different loops of the cross-validation is essential to the validity of the approach (23). However, it does not mean that the classifications and selection are unstable or that the classifier will not predict accurately for independent data. Genomic signatures are generally not unique (20, 24) . As suggested by Freidlin et al (20) , the first cross-validation subset could be used to select the tuning parameter. We found that the gene signatures including the 65 significant genes with a threshold nOR= 0.025 could provide a powerful prediction of response with the smallest P-values. Then, g=65 and R=0.025 were chosen as the tuning parameters. Fig. 1 shows the corresponding p-value profile by comparing the risk of disease progression between radiotherapy and non-radiotherapy groups for predicted radiosensitive patients. Table II shows the 65 genes included in the radiosensitive gene signature and their interaction effects with radiotherapy.
Results
Clinical information summaries.
Validation of radiosensitive gene signature. Following the standard validation procedure described above, 86 patients were predicted as radiosensitive. We performed univariate logistic regression analysis to assess the effect of radiotherapy. Furthermore, multivariable analysis was also performed by adjusting gender, age, race, history of other malignancy, histologic diagnosis, residual tumor and chemotherapy. Fig. 2A shows that radiotherapy strongly associates with the improved treatment response for radiosensitive patients. While for nonradiosensitive patients, radiotherapy increased the risk of disease progression. When comparing radiosensitive and nonradiosensitive patients when they all received radiotherapy, the risk of disease progression for radiosensitive patients was significantly reduced, as shown in Fig. 2B . These results are reasonable and consistent with general clinical expectation, and suggest that the predicted radiosensitive patients are accurate, and the positive radiotherapy effect on predicted radiosensitive patient is validated effectively.
Survival comparison for predicted radiosensitive patients.
We further compared the survival of these predicted radiosensitive patients under radiotherapy and non-radiotherapy. Observed significant differences partially or indirectly suggested that our sensitivity prediction was effective. Fig. 3A shows the survival curve for these predicted radiosensitive patients under radiotherapy and non-radiotherapy. The significant difference suggested that the predicted radiosensitive patients strongly benefited from radiotherapy. Fig. 3B shows the survival comparison for predicted non-radiosensitive patients. A significant difference was detected between the two groups, suggesting that radiotherapy on non-radiosensitive patients would increase the risk of death. We further compared the survival among radiosensitive and non-radiosensitive patients all under radiotherapy treatment, shown in Fig. 3C . As expected, a strong positive effect of radiotherapy was observed on radiosensitive patients. In addition, there was no significant difference in survival between radiosensitive and non-radiosensitive patients who did not receive radiotherapy treatment (Fig. 3D) . Taken together, the predicted radiosensitive and non-radiosensitive patients were appropriate predictions, suggesting that gene signature is potentially a predictive biomarker for sensitivity prediction for both radiosensitive and non-radiosensitive patients.
Comparison of new tumor event for predicted radiosensitive patients.
To further validate the predicted radiosensitive and non-radiosensitive patients, we compared the rate of new tumor event for predicted radiosensitive patients under radiotherapy and non-radiotherapy. New tumor event, as an important clinical index for prognostic outcome, was defined as metastatic, recurrent, and new primary tumor after initial treatment according to TCGA. The results by Fisher's exact test are summarized in Fig. 4 . The predicted radiosensitive patients who received radiotherapy had a significantly lower rate of new tumor events. While for non-radiosensitive patients, radiotherapy might be a risk factor to increase the rate of new tumor event. These results were consistent with the results from survival analysis for the radiosensitive and non-radiosensitive patients (Fig. 3) , and further validated our prediction on radiosensitivity.
Associations between radiosensitivity and clinical factors.
To detect whether predicted sensitivity and clinical factors were related, we performed univariate and multivariate logistic regression analysis to find the clinical factors associated with our radiosensitivity prediction. Table III summarizes the results. Sex, age, histologic type, residual tumor and chemotherapy were significantly associated with predicted sensitivity in univariate analysis. In multivariable analysis, only histologic type was significantly associated with prediction. We performed univariate logistic analysis to evaluate the treatment response of radiotherapy under different strata of these clinical factors. Fig. 5A shows the OR (95% CI) and P-values under different strata of clinical factors for predicted radiosensitive patients. The result suggested that the risk of disease progression was significantly reduced for the predicted radiosensitive under radiotherapy in most subgroups. For the predicted nonradiosensitive patients, there was potential risk of disease progression under radiotherapy for each subgroup, as shown in Fig. 5B . These strata analysis suggested that our prediction on radiosensitive patients was stable and reasonable.
ROC analysis. To show the prediction power of the prediction pattern on disease progression, we selected the 80 patients who received radiotherapy. We performed ROC analysis by using the nOR values calculated for each patients and their recorded clinical treatment response. Fig. 6 shows the ROC curve. The prediction power was significantly high for nOR index. After cutting off nOR values according to the threshold R=0.025, the prediction power was still significant for predicting the treatment outcome with AUC 0.80 (0.73-0.87).
Gene signature and cluster analysis. To provide evidence from the selected gene signature, we further extracted the expression pattern of these 65 genes to perform hierarchical clustering analysis by using R package heatmap. The result is present in Fig. 7 . All patients were classified into two groups according the hierarchical cluster analysis. The blue bar below the dendrogram denoted the predicted radiosensitive patients, while the yellow bar denoted the predicted nonradiosensitive patients. Most of these predicted radiosensitive and non-radiosensitive patients were well-matched with the result of hierarchical cluster based on the selected gene signature. In our previous prediction, there were 86 patients (blue bar) predicted as radiosensitive patients. Most (78 out of 86) of them were clustered at the left branch. The right branch clustered 114, and among them, 106 patients were predicted as non-radiosensitive patients (yellow bar). This result validated the radiosensitive patients we predicted and also suggested that the radiosensitive gene signature we develop was predictive and informative.
Discussion
Adjuvant radiotherapy is used in the treatment of soft tissue sarcomas to provide better local control. The treatment-induced histologic response reflects treatment effectiveness and is highly associated with the patient's prognosis. Prediction of possible outcome of a therapy treatment has important clinical significance. Clinical factors usually have a poor prediction on radiosensitivity. There is increasing evidence that patients with similar clinical characteristics have tumors that are very different with regard to genes and pathways that are driving tumor growth. In the era of precision medicine, 'omics' technologies can robustly generate large-scale molecular data, which provides extraordinary opportunities to detect biomarkers and to build more accurate gene signatures and prognostic models. It would be ideal to perform a clinical phase II trial for developing biomarkers for patients most likely to respond to radiotherapy. However, such biomarkers are difficult to identify and are often not available by the time phase III trials are initialized. The main concerns are: i) signature development in high dimensional gene expression data requires large sample sizes, and ii) when the proportion of sensitive patients is low, a large number of patients need to be enrolled to ensure sufficient number of sensitive patients and achieve acceptable power. This may not be feasible for sarcoma and other rare cancers. The proposed design and model described here may be useful in such situations, especially for rare cancer types, like sarcoma.
In this study, we extend and propose a statistical approach to develop a radiosensitive gene signature and predict radiosensitive patients with sarcoma. A nested inner loop 10-fold cross-validation was used to develop and validate the gene signature. This is a standard internal validation procedure. The 10-fold cross-validation permits the maximization of the portion of study patients contributing to the development of the diagnostic signature and the minimization of prediction error (22) . We verified our gene signature and sensitivity prediction by several aspects: i) we developed a novel crossvalidation procedure. The result showed that the predicted radiosensitive patients under radiotherapy had significantly better treatment response than both predicted radiosensitive patients under non-radiotherapy, and predicted non-radiosensitive patients who receive radiotherapy; ii) after adjusting Figure 7 . Hierarchical clustering analyses. Hierarchical clustering was used to determine the expression pattern of selected 65 genes. The top blue and yellow bands denote the predicted radiosensitive and non-radiosensitive patients, respectively. In total, 78 out of 86 predicted radiosensitive patients are classed at the left branch, and 106 out of 132 predicted non-radiosensitive patients are classed at the right branch.
chemotherapy and other clinical factors, the risk of disease progression was still significantly reduced under radiotherapy for these predicted radiosensitive patients; iii) we also validated our prediction by comparing the overall survival. The results showed that the predicted radiosensitive patients who received radiotherapy had significantly better survival than both predicted radiosensitive patients under non-radiotherapy, and predicted non-radiosensitive patients who receive radiotherapy; iv) the predicted radiosensitive patients who received radiotherapy had a significantly reduced rate of new tumor events. v) ROC analysis suggested a powerful prediction of our model with AUC=0.8; vi) Strata analysis showed that the predicted radiosensitive patients still had significantly low risk of progression under radiotherapy, irrespective of subgroup; vii) we finally validated our prediction using a hierarchical cluster analysis on the selected gene signature. We found that more than 80% predicted radiosensitive patients and nonradiosensitive patients were well-clustered into two branches of the dendrogram. All these direct and indirect results confirmed our prediction on radiosensitivity and the gene signature.
The developed gene signature is easy to apply for predicting new patients. According to the estimation of each gene in gene signature (Table II) , calculating the OR for each gene using the standardized expression value of RNAseq, and comparing product of these OR (nOR) with the threshold 0.025 can predict patients who are radiosensitive (based on whether their nOR value is less than the threshold). This simple model can easily be applied in clinical practice, because gene expression data are readily available for patients.
The genes included in the signature not only associate with the radiosensitivity, but also may contribute to the molecular basis of sarcoma. Results from pathway analysis show that these involved genes associated with a wide range of pathways and functional annotation, like calcium signaling pathway, inflammatory mediator regulation of TRP channels, wnt signaling pathway, microRNAs and proteoglycans in cancer, transcriptional and misregulation in cancer, colorectal and pancreatic cancer. In the current gene signature list, CDC5L is correlated with advanced TNM stage of osteosarcoma (25) and responds poorly to neo-adjuvant chemotherapy (26) . Overexpression of CDC5L favors cell cycle progression of hepatocellular carcinoma cells (27) and also plays an important role in glioma (28) . TGFBR2 might be a key gene associated with sarcoma (29) . It also acts as a driver of colorectal cancer (30, 31) , and is strongly associated with gastric (32), oral carcinoma (33), ovarian (34) and breast cancer (35, 36) . ABCA8 and WDFY2 contribute to the progression and development of ovarian cancer (37, 38) . A meta-analysis suggests that NAT1 polymorphisms significantly associate with the risk of pancreatic cancer (39) . A previous study also suggests that NAT1 might be a possible prognostic biomarker for lymph node-positive breast cancer. Other genes, like CDC37L1, ARTN, SGPP1, S100PBP, LETM2, CTNND2 and kLHL30, were found to be related with several different types of cancer (40) (41) (42) (43) (44) (45) (46) . These genes involved in current radiosensitive gene signature strongly suggest that they might be responsible for molecular basis of sarcoma and radiosensitivity, and also supported our development of this signature.
Although this study has much strength, there are some drawbacks, such as the small sample size and the lack of suitable external evidence from molecular, cellular, and importantly clinical level, although we provided several related results to support our prediction. In addition, the signature identified in this study has no overlap with that of our previous one on a survival outcome (21) . This may be due to the outcomes being different, and the small sample size. Although, these are some drawbacks, we still provided some useful model framework for rare cancer to develop radiosensitive gene signatures. We also suggested a potential useful gene signature for predicting radiosensitivity for patients with soft tissue sarcoma.
